of environmental factors, such as temperature, daylength, soil characteristics, and water supply. They are also suit-
transformations, low soil temperatures commonly ob-
The inaccuracy was related to underprediction of early vegetative served during the early planting period or under consergrowth because of the effect of site-specific and planting date-specific vation tillage practices in the upper Midwest will delay differences in temperature on biomass accumulation and leaf area soybean emergence and adversely affect stand establish- al. (1996) , Andales et al. (2000) , and Sexton et al. (1998) but did not significantly improve prediction for the three indepenfound that the CROPGRO-Soybean model did not predent years.
dict soil temperature and emergence well under cool, wet conditions, which may translate to errors in timing of biomass accumulation during the remainder of the T here has been an increased interest in modeling season. soybean [Glycine max (L.) Merr.] growth to predict Another potential problem is the prediction of soyvegetative and reproductive performance of different bean phenology. The accuracy of final yield predictions cultivars under various management systems and envidepends on timely predictions of critical growth stages ronmental conditions. However, predicting grain yield beginning with emergence. However, predicting soyis difficult because of the wide ranges in compensatory bean phenology is difficult because of lack of undereffect on yield components, growth habit, and reproducstanding of sensitivity to temperature and photoperiod tive development of soybean cultivars (Cooper, 1977) . during development (Grimm et al., 1994) , with sensitivCrop models are available for almost all economically ity of soybean development rate to cool temperature important crops and have the ability to predict yield decreasing after beginning seed fill (Grimm et al., 1994 ; and evaluate different options to maximize profit and/or Seddigh et al., 1989) . minimize losses of nutrients or chemicals by integrating A major barrier to use of crop models is the lack of the effects of daily weather data with soil characteristics information required to run the models as well as the and management practices . Dynamic complexities of calibrating and validating them across crop models have potential to quantify the contribution different environments. A major reason contributing to criticisms of crop models is the scarcity of appropriate rameter estimates and prediction variances (Jones and Carberry, 1994) . Models are commonly developed based on rather limited field and controlled environmental data, and often they give unsatisfactory predictions when applied to field locations with different environmental conditions. The CROPGRO model was originally developed in a subtropical environment in Florida and tested primarily with Florida, Georgia, and North Carolina data sets, using only a few and limited studies from Ohio and Iowa under cooler environments (Boote et al., 1997) . Other than the work of Sexton et al. (1998) and Sau et al. (1999) , the CROPGRO-Soybean model has not been extensively evaluated under cooler environments. Our hypothesis is that the model, with existing relationships and parameters, underpredicts growth and yield during vegetative growth under cooler temperature. Furthermore, it was hypothesized that refinements in temperature functions in CROPGRO-Soybean could be made to facilitate model use over all weather conditions in Wisconsin. Therefore, the objective of this research was to determine if modifications to temperature functions in the CROPGRO-Soybean model that affect development and growth processes would improve predictions was evaluated using field data from 1998, and model species parameters were modified based on 1998 data 105, and 126 DAE). Development and growth stage and plant to enable a more accurate prediction of crop growth height information were taken based on a sample of three and yield. The model with modified parameters was plants randomly collected from the hand-harvested section and then separated into leaves, stems, pods, and seeds. Plant then validated against independent field data on the growth stages were determined according to Fehr and Cavisame three cultivars grown in different management ness (1977). systems and planting dates in 1997, 1999, and 2000.
CROPGRO-Soybean Model MATERIALS AND METHODS
Soybean crop models have been available since the 1980s when the original version of SOYGRO V4.2 was released Field Data (Wilkerson et al., 1983) . The model has substantially been Field experiments were conducted during 4 yr (1997) (1998) (1999) (2000) modified from the original version ,and CROPGRO-Soybean in five different management systems. These management sysv. 3.5 is the most recent version ; Hoogentems were chosen to represent current management practices boom et al., 1994) . CROPGRO-Soybean is a process-oriented in the upper Midwest. Four of the five management systems model that can be used to study soybean response to managewere conducted on a Plano silt loam soil (fine-silty, mixed, ment (Egli and Bruening, 1992) , environmental conditions mesic, Typic Argiudoll) at the Arlington, WI, Agricultural (Curry et al., 1995) , and genetic yield potential (Boote and Research Station (Fig. 1) . They consisted of two conventional Tollenaar, 1994) . It also has been used to study causes of tillage and two no-tillage systems, both tillage systems with spatial yield variability (Allen et al., 1996; Paz et al., 1998) . and without irrigation. The fifth management system was con-
The CROPGRO-Soybean model requires inputs of manducted at Hancock Agricultural Research Station on a Plainagement practices and environmental conditions and incorpofield sandy loam soil (loamy-sand, mixed, mesic, Typic Udiprates knowledge of cultivar-specific traits (genetic coefficients) samment; Fig. 1 ). This management system was a conventional to predict daily growth and development as the plant responds tillage system with irrigation. The experimental design for to weather, soil characteristics, and management practices each management system was a randomized complete block Paz et al., 1998) . The CROPGRO-Soybean in a split-plot arrangement with four replications. Main plot model is generic and has a species and a cultivar data file. was planting date (early May vs. late May). The subplots
The species file describes species characteristics such as tissue were three soybean cultivars from maturity group II (Hardin, composition and partitioning traits and includes sensitivity of DeKalb CX232, and Spansoy 250). Cultivars were chosen to processes to temperature, light, plant water deficit, and plant represent current vs. old cultivars in the upper Midwest. Man-N deficiency. The cultivar data file includes information on agement practices and descriptions of the management syslife cycle phases, vegetative traits, leaf traits, potential seed tems have previously been described in a companion paper fill duration, seed size, and seed composition (Boote et al., and will therefore not be mentioned here (Pedersen and 2001; Hoogenboom et al., 1994; Jones, 1993; Madison. The soil fertility factor (SLPF) was set to 1.0 for difference between predicted and observed values over time and is calculated from the following equation: both locations, the default value for all Midwest soils by CROPGRO. SLPF is an input variable (constant for a given field site) that affects crop growth rate by modifying daily canopy photosynthesis. SLPF is attributed to soil fertility dif-
ferences or soil-based pests, such as nematodes.
Most of the improvements made to the model parameters resulted from modifying the temperature function for pod where n is the number of observations, y o i is the observed addition and vegetative leaf expansion. The modification of variable, and y p i is the predicted variable for the specific cultithe coefficients was initially based on previous work with var. Index of agreement was chosen instead of Pearson's prodsoybean and common bean (Hume and Jackson, 1981; Marouct-moment correlation coefficient, which can be misleading witch et al., 1986; Caufield and Bunce, 1988; Sexton et al., (Willmott and Wicks, 1980) . Willmott and Wicks (1980) ob-1994; Piper et al., 1996) . In addition, temperature function served that the product-moment correlation coefficient often before flowering for vegetative development was changed in is unrelated to the sizes of the differences between the obthe species file from linear to a sinus curve.
served and the predicted observations. Index of agreement is The 1998 experimental data set was used to calibrate the calculated from the following equation: model while the 1997, 1999, and 2000 data were reserved for validating the modified model. The 1998 experimental data set was selected to calibrate the model since it was the first year where all management systems were present. The GENCALC program (Hunt et al., 1993) was used to calibrate the genetic
coefficients (Table 1) of Hardin, CX232, and Spansoy 250 from the 1998 experimental data (Table 2 ). These coefficients were used for the 3 yr of validation. where P i ϭ predicted variable, O i ϭ observed variable, PЈ i ϭ The criteria by Wallach and Goffinet (1987) 
RESULTS AND DISCUSSION
data and a higher index of agreement (d; Willmott, 1982) . Root mean square error reflects the magnitude of the mean Weather patterns are dominant factors controlling yield and soybean development in the upper Midwest, ersen, 2002). This discussion will mainly focus on bio- mass at harvest and grain yield. However, when approronmental factors could be anticipated for one site/date vs. another. Underpredictions of LAI max and total dry priate, other important variables such as harvest index, leaf area index, and phenological stages will be included matter were more prevalent for the early planting date at Arlington and for both planting dates at the colder in the discussion. Since the three cultivars did not significantly deviate from each other, it was concluded that Hancock location, suggesting that cool temperature or soil type sensitivity could be a significant problem for model failures to predict were not cultivar specific. Therefore, data will not be presented by cultivar but as accurate simulations with the present version of the CROPGRO-soybean model. Processes that are sensian average response of the three cultivars.
tive to temperature during early season include photosynthesis and vegetative development (Boote et al.,
Initial Evaluation of Unmodified Model
1998). This suggested the need to re-evaluate the temThe original model did well in prediction of grain perature coefficients affecting these processes. yield and total biomass at harvest in 1998 (Simulation 1; Table 5 ). Initial simulations resulted in correct simulation of average grain yield and 2% underprediction of
Model Parameters Modification
total biomass at harvest, indicating that the model was Photosynthesis Changes well calibrated when both cultivar and site (SLPF) had been previously calibrated. The maximum leaf area inModifying the temperature functions for leaf photosynthesis did not improve predictions since it increased dex (LAI max ) was underpredicted by 3% (data not shown). However, harvest index was overpredicted by 3% (data RMSE despite an increase in the mean simulated biomass and grain yield. Decreasing the base temperature not shown). Since cultivars traits were optimized across sites and planting dates, model failures to address envifor leaf photosynthesis from 8 to 6ЊC increased the bio- mass at harvest and grain yield by 232 and 137 kg ha Ϫ1 , RMSE for biomass decreased by 1% and increased for respectively (Simulation 2; Table 5 ). Another temperagrain yield by 2%. The d values and the slopes of preture function was changed, which allowed minimum dicted vs. observed biomass and grain yield improved temperature to affect the next day's light-saturated phoslightly. tosynthesis rate (LF max ). This is an asymptotic function, which ranges from zero at 0ЊC increasing to 1.0 (no Vegetative Expansion limitation on LF max ) when the minimum night temperaTemperature functions affecting rate of vegetative ture achieves 19ЊC. The threshold values of this function were changed to -2 and 17ЊC, respectively. This change node expression and leaf area expansion were also evalin minimum temperature acted similarly to the base uated. Sinclair et al. (1991) showed that base temperatemperature change by increasing RMSE and increasing ture for the rate of node expression in soybean lies biomass and yield at harvest by 292 and 164 kg ha Ϫ1 , between 7 and 9ЊC. Increasing base temperature for rate respectively (Simulation 3; Table 5 ). The combined of main-stem node appearance from 7 to 9ЊC decreased modifications (Simulation 4; Table 5 ) increased RMSE biomass and grain yield by 273 and 134 kg ha Ϫ1 , respecfor biomass and grain yield by 13 and 20%, respectively.
tively. Root mean square error increased for biomass from Combining the two temperature modifications de-734 to 739 kg ha Ϫ1 and decreased for grain yield from creased the d values but improved the slopes of pre-410 to 408 kg ha Ϫ1 (Simulation 6; Table 5 ). CROPGROdicted vs. observed biomass and grain yield slightly. soybean also has a temperature effect on relative leaf These changes were therefore not included in the modiarea expansion, by which the relative specific leaf area fied model.
(SLA) of new leaves increases from 0.25 at 12ЊC to 1.00 at 22ЊC. Based on previous observation (Pedersen, Nitrogen Mobilization 2002), leaf area expansion was changed to be less sensitive to temperature (relative SLA from 0.25 at 12ЊC up Sexton et al. (1998) identified the need to delay foliar to 0.35 at 12ЊC). This change decreased biomass and N mobilization later into active seed growth under grain yield by 33 and 15 kg ha
Ϫ1
, respectively (Simulacooler temperature, thereby maintaining leaf N concention 7; Table 5 ). Root mean square error decreased by tration and leaf photosynthesis late in the season. This 6 and 3 kg ha Ϫ1 for biomass and grain yield, respectively. change by itself delayed the onset of rapid N mobilizaThe combined modifications (Simulation 8; Table 5 ) tion and increased biomass and grain yield by 115 and increased RMSE for biomass and grain yield by 17 and 95 kg ha Ϫ1 , respectively (Simulation 5; Table 5 ). Overall, the degree of model predictability did not change. The 1 kg ha
, respectively. 
Pod Set
on the 1998 data increased biomass at harvest and grain yield slightly but with different degree of predictability. Based on previous observation by Hume and Jackson
Since the model was fairly well calibrated for average (1981), the temperature functions for pod addition rate total biomass and grain yield at harvest across cultivars, were evaluated. Decreasing base temperature for pod planting date, and locations in 1998, the variability obaddition from 14 to 10ЊC increased grain yield by 94 kg served with other weather years was speculated to be ha Ϫ1 and in addition decreased RMSE for grain yield related with environmental effects among the 3 yr. In by 6% (Simulation 9; Table 5 ). However, this change 1997, RMSE decreased by 5 and 26% for biomass at only increased biomass by 3 kg ha Ϫ1 but increased harvest and grain yield, respectively. In 1999, RMSE RMSE by 4%. However, slope and d value improved for biomass at harvest decreased by 4%, but RMSE for significantly to improve the model's predictability.
grain yield increased 1%. The picture was different for 2000 where the modified model resulted in increased Final Model RMSE for biomass at harvest and grain yield by 4 and 20%, respectively. An explanation for this is that May After having evaluated the individual processes, the and June were exceptionally wet (254 mm of precipitatemperature effect on leaf expansion and the base temtion above the 20-yr average at Arlington), resulting in perature for pod addition were combined with a change soil crusting, which delayed emergence and resulted in an of the vegetative development rate curve from a linear underprediction by 7 d (Fig. 2) . In addition, high incifunction to a sinus function (Simulation 13; Table 5 ). This combination of modifications increased biomass and grain yield by 24 and 93 kg ha Ϫ1 , respectively. The RMSE for biomass and grain yield decreased by 4 and 12%, respectively. In addition, d value and the slope of linear regression between predicted and observed data increased to improve the model's predictability. These modified parameters improved the fit for the 1998 data and produced RMSE values in the same range as other observations from the central Corn Belt (Boote et al., 1997) .
Model Validation
The original and the modified model were run with the independent 1997, 1999, and 2000 data to evaluate the degree of model improvement and predictability. The original model underpredicted biomass at harvest and grain yield by 16 and 19% and by 5 and 1% in 1997 and 1999, respectively (Table 6 ). However, in 2000, the original model overpredicted biomass at harvest and grain yield by 7 and 14%, respectively (Table 6 ). These are predictions using original model, with cultivar traits calibrated only to 1998. Root mean square error for biomass at harvest and grain yield was on average 1214 and 857 kg ha Ϫ1 , respectively. data set was then used for the validation of the model Data are averaged across four management systems and three with the other 3 yr (1997, 1999, and 2000) . Averaged cultivars at Arlington and across three cultivars at Hancock. DAP, days after planting.
across the 3 yr, modifications of the original model based cock was, in general, slightly overpredicted (late). Arlington 2000 was an exception compared with the other dence of Sclerotinia stem rot (caused by Sclerotinia scleroyears because of a reduction in solar radiation (Table 3 ) tiorum) was observed in 2001 (C.R. Grau, personal comand significant rainfall amounts during the emergence munication, 2003), which the model is not able to take period. Most likely, the significant rainfall saturated the into account.
soil profile, cooling the soil and increasing the heat caThe modified model overall did well predicting biopacity of the upper layers. Thus, it would have required mass at harvest and grain yield. Despite deviating by much more heat to warm the upper soil layers. Thus, 19% in 2000 and an increase in RMSE in 1999 and 2000 the real crop was delayed, but the modeled crop does (Table 6) , grain yield differences between observed and not cool the soil with excess rain or evaporation and simulated values improved from the original model, but was not delayed enough. Possible other sources of errors the linear regression analysis did not produce a better in predicting emergence could be inaccurate initial confit as evidenced from no significant differences in the ditions at the start of simulations and wrong estimates of slope (Fig. 3) . The model did not fully predict the range soil physical properties. Anthesis dates were predicted of variability in yield among the different management within 4 d with a RMSE of 2.5 d across planting dates systems and planting dates because of the environand years. Anthesis dates at Arlington were predicted mental effects between years. The model underestimavery well but were slightly overpredicted at Hancock tion of the actual yield ranges was expected since the (Fig. 4) . The average differences between actual and CROPGRO model does not allow or consider effects of simulated dates were 0.8 and 1.3 d for flowering at tillage system, residue coverage, and disease incidence.
Arlington and Hancock, respectively. CROPGRO overpredicted the lowest measured yields
The high RMSE values and the variability of observed but underpredicted the highest (Fig. 3) . A reason for slopes and intercepts indicate ( Tables 5 and 6 ) that the this may be the high yields obtained for all years and model may not be able to simulate the actual site-spethe yield range in this study.
cific and year-specific environmental variations. Given The time from planting to emergence and prediction that soybean emergence is affected by soil temperature of phenology may account for part of the high RMSE (Andales et al., 2000) and temperature functions in the values in this data set (Sau et al., 1999; Sexton et al., CROPGRO model after emergence are responsive mainly 1998). Emergence was predicted well with a RMSE of to air temperature (Hoogenboom et al., 1992) , variabil-2.9 d across all planting dates and years. In all but three ity and inaccurate predictability for these data could also be a result of a lack of sensitivity to soil temperature cases, simulated emergence was within 3 d of observed of the soil and therefore required less heat input to for different soil types and planting dates. Total abovemaintain the temperature of the upper soil layers, which ground biomass during early vegetative growth was the model does not consider. evaluated for the first two sampling dates (21 and 42 DAE) for the 1998 data set (Fig. 5) . At both sampling CONCLUSION dates, biomass yield was underpredicted for both planting dates at Hancock and for the late planting date at Analyzing cultivar performance under various manArlington whereas biomass for the early planting date agement systems and environmental conditions can at Arlington was slightly overpredicted. Similar trends serve as help for evaluating model performance for a were observed for leaf area index (data not shown). An specific region. The CROPGRO-Soybean model preimprovement in predictability was observed at 42 DAE dicted emergence and anthesis within a 3-to 8-d range, compared with 21 DAE, suggesting that temperature respectively. The original model did well in prediction in one way or another may account for this underpredicof grain yield and total biomass at harvest, only undertion. It would appear that the cooler air temperatures predicting by 111 and 7 kg ha Ϫ1 , respectively. for the Hancock site vs. Arlington site dominated the Modifications of temperature functions influencing model simulations; however, the actual soil was likely leaf expansion and base temperature for pod addition warmer for the Hancock site because of the sandy loam improved the CROPGRO-soybean prediction error in soil. We conclude the model needs modifications to 1998. However, these changes were not found to be consider effects of soil temperature on early growth and beneficial for the three independent years used for effects of soil texture, residue cover, and soil evaporamodel validation, and thus we reject our hypothesis that tion (wetness) on soil temperature. Even though yield refinements in temperature functions in CROPGROvariation for early and late planting date was reproduced Soybean could be made to facilitate model use across well by the crop model for each location, the model environments in Wisconsin. The inaccuracy of the model inaccurately predicted early vegetative growth because across years and locations is attributed to somewhat of the effect of site-specific and planting date-specific late prediction of emergence on average but too early differences on biomass accumulation (Fig. 6) . Highest emergence for problem fields where excess rain ocbiomass yield was observed at both sampling dates at curred. This suggests a need for greater temperature Hancock despite a lower mean-averaged air temperasensitivity to soil types. There was general underpredicture. An increase in mean air temperature had a greater tion of leaf area index and biomass accumulation (emereffect on biomass yield at Arlington than at Hancock. gence to 42 DAE) for sites that had sandy soils that An explanation for a higher biomass accumulation at warmed quickly. This supports our hypothesis that the Hancock could be that the lower water-holding capacity model underpredicts growth and yield during vegetative growth at cooler air temperature environments. in a sandy loam soil reduced the estimated heat capacity
